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Genome scans can potentially identify genetic loci involved in evolutionary processes such as local 23 adaptation and gene flow. Here, we show that recombination rate variation across a neutrally 24 evolving genome gives rise to mixed sampling distributions of mean FST ( !" " ), a common population 25 genetic summary statistic. In particular, we show that in regions of low recombination the 26 distribution of !"
" estimates have more variance and a longer tail than in more highly recombining 27 regions. Determining outliers from the genome-wide distribution without taking local 28 recombination rate into consideration may therefore increase the frequency of false positives in 29 low recombination regions and be overly conservative in more highly recombining ones. We 30 perform genome-scans on simulated and empirical Drosophila melanogaster datasets and, in both 31 cases, find patterns consistent with this neutral model. Similar patterns are observed for other 32 summary statistics used to capture variation in the coalescent process. Linked selection, particularly 33 background selection, is often invoked to explain heterogeneity in !" " across the genome, but here 34 we point out that even under neutrality, statistical artefacts can arise due to variation in 35 recombination rate. Our results highlight a flaw in the design of genome scan studies and suggest 36 that without estimates of local recombination rate, interpreting the genomic landscape of any 37 summary statistic that captures variation in the coalescent process will be very difficult. approaches are based on single-locus measures, a common practice is to aggregate statistics across 53 loci within windows of the genome. As closely linked loci tend to share the same evolutionary 54 history and therefore exhibit similar statistical signatures, this can potentially increase the power 55 and decrease the influence of stochastic noise. However, because recombination rate can vary 56 across the genome, some windows will tend to share evolutionary history among loci more strongly 57 than other windows, and failure to account for this may result in bias in the estimation of the null 58 distribution and testing procedure using window-based approaches. Here, we explore these issues 59 using FST as an example, which is a statistic commonly used to search for signatures of local 60 adaptation in the genome. There has been considerable discussion about how other processes, 61 such as background or positive selection, can affect FST, and a general acknowledgement of the 62 importance of recombination variation for these alternative selection models (Burri, 2017; 63 Cruickshank & Hahn, 2014; Nachman & Payseur, 2012), but little attention has been paid to the 64 effects of recombination rate variation on the distribution of the neutral model. Given that all 65 approaches that discuss selection and FST do so with reference to departures from a null model 66 under drift, here we explore how recombination variation can also have critically important effects 67 on the behaviour of the null model. This note emphasizes how failure to incorporate recombination 68 rate into the null model leads to significant errors in our inferences and suggests more generally 69 that this will also be important for any window-based approach to genome scans using other 70 statistics. 71 72 Wright (1937) examined the behaviour of allele frequencies in metapopulations and defined FST as 73 the correlation of allelic states between individuals from the same population. The evolutionary 74 history of a population can be thought of as a series of genealogies describing the relationships 75 between every individual at a certain point in the genome, and Slatkin (1991) showed that for a 76 neutrally evolving metapopulation FST reflects the pattern of coalescence times of those 77 genealogies. In particular, !" = " # $ " ! " # , where & is the average coalescence time for a pair of alleles 78 drawn from the same deme and % is the average coalescence time for a pair of alleles drawn from 79 the metapopulation as a whole. FST varies across the genome; the mutations that happened to 80 occur in the population and the individuals that happened to be sampled will give rise to variation 81 in FST at different points in the genome. There are numerous methods to average FST across linked 82 sites in an attempt to account for these sources of variation (Bhatia et al. 2013; Holsinger & Weir, 83 2009 ). Furthermore, the underlying demographic process is also stochastic and will generate 84 different histories across the genome giving rise to heterogeneity in FST. 85
86
In the context of genome scans, !"
" is often calculated in analysis windows of a fixed physical size 87 or number of single nucleotide polymorphisms (SNPs), and the genome-wide distribution is 88 examined under the implicit assumption that all windows share the same sampling distribution. 89
This assumption is reflected by the discrete thresholds that are often applied to genome-wide 90 breaks down associations across genetically linked sites allowing coalescence times to vary across 93 the genome, causing some windows to reflect more or fewer coalescent histories than others. 94
Thus, the sampling distribution of !" " , and indeed any summary statistic that captures aspects of 95 coalescent history, will likely covary with the rate of recombination. 96 97 Consider a 10,000bp analysis window in a neutrally evolving genomic region that experiences 98 virtually no recombination (for example, the mitochondrial genome or non-pseudoautosomal 99 regions of the Y-chromosome in humans). Every nucleotide within the window would share a single 100 genealogy, and every polymorphism present would reflect exactly the same coalescent history. If 101 there were a large number of polymorphisms in the window, the combined !"
" across all of them 102 may provide a very precise estimate of their shared history. If one had a large number of these 103 analysis windows and examined the distribution of their averages, it should resemble the 104 coalescent distribution of FST, which, for a population conforming to the island model, can be 105 approximated using the 2 distribution (Lewontin & Krakauer, 1973) , which has a long upper tail. 106 107 Now consider the alternate extreme, 10,000bp of freely recombining nucleotides. In this case, all 108 sites would have a distinct evolutionary history, each representing a quasi-independent 109 instantiation of the coalescent process. As a result, every polymorphism present would carry 110 information on a different genealogy, and each of these may have a distinct FST. The observed !" " 111 across all polymorphisms in this set provides an estimate of the mean of the coalescent distribution 112 of FST. If one had a large number of these sets of loci, the values of !"
" should be tightly distributed 113 about the mean, and central limit theorem predicts that the distribution should be approximately 114 2012) all exhibit recombination rate variation over at least an order of magnitude across substantial 120 proportions of their genomes ( Supplementary Figure 1 ). If the sampling distribution of !"
" had a 121 longer tail in regions of the genome with low recombination and was narrower in more highly 122 recombining ones, heterogeneous landscapes may arise as a statistical artefact under neutrality. 123
Determining outliers from the genome-wide distribution of summary statistics may, therefore, 124 result in false positives and negatives depending on the local recombination rate. In this study, we 125 demonstrate that the sampling distribution of !"
" does indeed depend on the local recombination 126 rate and show how this may affect genome-scans using simulated and empirical datasets. 127 128
Results and Discussion

129
To determine whether the sampling distribution of !"
" is affected when recombination rates vary 130 over orders of magnitude, we simulated genomic data under an island model of population 131 structure. Different distributions of mean !"
" arose under different recombination rates (Figure 1 ). 132
The theoretical expectation of FST was the same in all of the simulations shown in Figure 1 , and the 133
" was very close to the expectation in all cases. However, low recombination rates led to 134 longer-tailed distributions of !" " and higher rates led to distributions that were tighter about the 135 mean ( Figure 1 ). Similar patterns are seen under a variety of demographic models (Supplementary 136 Figure 2 ). 137 138 A typical method for determining outliers in genome scans, used by all the empirical studies cited in 139 the introduction, is to examine the top n th percentile of a particular summary statistic. If one were 140 performing a genome scan in a species that exhibited recombination rate variation even over a 141 single order of magnitude, one would expect the tail of the genome-wide distribution of !"
" to be 142 enriched for analysis windows in low recombination regions under neutrality (Figure 1) . Indeed, the 143 recombination rates shown in Figure 1 obviously lead to different distributions of !"
" , but the 144 extent to which this will affect the analysis of real organisms will depend on the pattern of variation 145 in recombination rates across their genomes. 146 147 148 Figure 1 . The distribution of FST calculated in 10 kbp windows for an island population with Ne = 100 149 haploids per deme. FST was averaged using the method of Weir and Cockerham (1984) . The dashed 150 vertical line is the theoretical expectation of FST for the simulated population, and the coloured 151
vertical lines indicate the means for each set of simulations.
153
We examined the relationship between !"
" and recombination rate across the D. melanogaster 154 genome using simulated and empirical datasets. We simulated the entire D. melanogaster genome 155 under a model of isolation-with-migration incorporating recombination rate variation using when we defined outliers based on the 95 th percentile of !" " (simulated data Fisher's exact test p-161 value < 10 -15 ; empirical data Fisher's exact test p-value = 0.00265). Furthermore, both the simulated 162 and empirical datasets exhibited significant negative correlations between the variance of !" " and 163 recombination rate ( Figure 2C ; simulated data, Kendall's = -0.746, p-value < 10 -15 ; empirical data, 164
Kendall's = -0.193, p-value = 0.00445). We found qualitatively similar patterns in our simulated 165 data when analysis windows were based on a fixed number of SNPs ( Supplementary Figure 3) . Of 166 course, the genomic landscape of !"
" in North American D. melanogaster has likely been shaped by 167 processes other than just migration and genetic drift. Indeed, Figure 2A shows at least one !"
" 168 outlier at high recombination rates, which our simulations suggest would be unlikely under 169 neutrality ( Figure 2B ). In summary, our findings suggest that applying fixed thresholds to the It has long been known that the variance of summary statistics such as the number of segregating 195 sites responds to variation in recombination rate (Wakeley, 2009 ), so the difficulty of comparing 196 analysis windows of discrete physical size across varying recombination rates will extend to other 197 data summaries that capture variation in the coalescent process. For example, genome-scan studies 198 may analyse nucleotide diversity between populations (DXY), which is proportional to TB, the 199 coalescence times between populations, within population diversity (πw), Tajima's D (Tajima, 1989) 200 or the haplotype based statistics developed by Garud et al. (2015) , for instance H12. We calculated 201 each of those statistics from our simulated data and, as expected, the variance of each increased 202 with recombination rate (Supplementary Figure 4) . Genome-scan studies often examine 203 combinations of summary statistics that respond differently to various evolutionary processes, but 204 even under neutrality extreme values for multiple summary statistics may occur (Supplementary 205 Figure 5 ). Without an understanding of what constitutes an extreme value of a given summary 206 statistic for a particular recombination rate, interpreting the genome-wide distribution may be 207
difficult. 208
There are obviously cases, however, where the heterogeneity in genome-scans introduced by 210 recombination rate variation would not affect the ability to determine the loci involved in 211 evolutionary processes. When there is a monogenic or oligogenic architecture of adaptation or 212 speciation, the regions involved may clearly stand out from the genomic landscape of summary Alternatively, if accurate recombination rate estimates were available, outlier thresholds could be 229 determined for discrete recombination rate bins, or analysis windows could be designed using fixed 230 genetic, rather than physical, distances. Further work is required to develop and test analysis 231 methods that are robust to recombination rate variation. Without accounting for recombination 232 rate variation in some way, however, it will be difficult to interpret variation in the genomic 233 landscape of summary statistics. After simulating a particular population, we added mutations to the resulting tree sequence at a 240 rate of 10 -6 . We extracted 100 individuals each from two demes then calculated the following 241 summary statistics using scikit-allel v1.2.1: the weighted average of FST using the method of Weir 242 and Cockerham (1984) ; between population genetic diversity (DXY); Tajima's D (Tajima, 1989) ; and 243
Garud's H12 (Garud et al. 2015) . For Garud's H12, we only examined the first 400 SNPs present in 244 the simulated regions. We added mutations and calculated summary statistics 100 times for each 245 simulated population and took the average across replicates. We performed 1,000 such simulations 246 for each recombination rate tested. Smoothed density plots were generated with default settings in 247 ggplot2 (Wickham, 2016) . 248
249
We re-analysed allele frequency data from the North American Drosophila populations generated 250 by Reinhardt et al. (2014) . In that study, pooled sequencing was used to estimate derived allele 251 frequencies for pools of 16 isofemale lines each from Maine and Florida. To obtain accurate allele 252 frequencies we excluded any SNP that was reported at a depth greater than or less than one 253 standard deviation from the mean coverage. sequencing, we calculated FST for each polymorphism and averaged across sites using the formulae 265 for haploids given in Weir (1990) . !" " was calculated in 10,000 bp non-overlapping windows using 266 Drosophila genome, following Reinhardt et al. (2014) . We divided the genome into 75 equally sized 271 bins based on recombination rate. We calculated Kendall's correlation between the variance of !" " 272 and the mean recombination rate in each bin. We classified analysis windows as outliers if !"
" was 273 greater than the 95 th percentile genome-wide. We examined the analysis windows with the 1,000 274 largest and smallest recombination rate estimates and used Fisher's exact test to determine 275 whether there was a significant enrichment of outliers in low recombination regions. We excluded 276 analysis windows from the simulated data that had recombination rates of 0. The distribution of FST calculated in 10 kbp windows for four differently structured 429 metapopulations. FST was averaged using the method of Weir and Cockerham. Note, the 100-deme 430
island model is represented in Figure 1 in the main text .  431  432  433  434  435  436  437  438  439  440  441  442  443  444  445  446 The distribution of five population genetic summary statistics often used in genome scan studies. 472
All statistics were calculated in 10 kbp windows except for H12 which was calculated using a 473 window of 400 SNPs. FST was averaged using the method of Weir and Cockerham. Populations were 474 simulated according to a 100-deme island model. Vertical lines indicate the mean of a given 475 distribution. Garud's H12 density
